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Abstract Reward Hacking Reward-driven Bias Our Solution: ArtitactReward

RL is widely used to improve text-to-image generation, but imperfect (IRvefrd t'V'POde' ) Reward Hacking d Different rewards induce their own visual biases, often improving d We propose ArtifactReward, a lightweight and adaptive reward to
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* RL substantially improves the optimized reward metric but « Duplication / fragmentation (e.g., extra heads, broken boundaries)
» We build a framework to observe and compare T2I reward yields limited gains on other metrics, indicating narrow reward + Entity blending (e.q., merged objects or identities) 1 Adding our ArtifactReward consistently improves realism and
hacking behaviors across multiple reward models. optimization rather than genuine improvement in image quality. reduced reward hacking across multiple T2l RL setups.
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Our code is available at: https://github.com/yg-hong/ArtifactReward D Phteps . T Y e
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